Abstract. Malaria was a major health problem in the first half of the 20th Century in mainland Portugal. Nowadays, although the disease is no longer endemic, there is still the risk of future endemic infections due to the continuous occurrence of imported cases and the possibility of transmission in the country by Anopheles atroparvus Van Thiel, 1927. Since vector abundance constitute one of the foremost factors in malaria transmission, we have created several habitat suitability models to describe this vector species' current distribution. Three different correlative models; namely (i) a multilayer perceptron artificial neural network (MLP-ANN); (ii) binary logistic regression (BLR); and (iii) Mahalanobis distance were used to combine the species records with a set of five environmental predictors. Kappa coefficient values from k-fold cross-validation records showed that binary logistic regression produced the best predictions, while the other two models also produced acceptable results. Therefore, in order to reduce uncertainty, the three suitability models were combined. The resulting model identified high suitability for An. atroparvus in the majority of the country with exception of the northern and central coastal areas. Malaria distribution during the last endemic period in the country was also compared with the combined suitability model, and a high degree of spatial agreement was obtained (kappa = 0.62). It was concluded that habitat suitability for malaria vectors can constitute valuable information on the assessment of several spatial attributes of the disease. In addition, the results suggest that the spatial distribution of An. atroparvus in the country remains very similar to the one known about seven decades ago.
Introduction
Malaria is still one of the most devastating public health problems in the world. In 2006, there were an estimated 247 million cases that caused nearly a million deaths, mostly children under 5 years of age (WHO, 2008) . The disease is caused by one of four species of the genus Plasmodium: Plasmodium falciparum Welch, 1897, Plasmodium vivax Grassi and Feletti, 1890, Plasmodium ovale Stephens, 1922 and Plasmodium malariae Laveran, 1881. Infection occurs when the parasites are inoculated into humans by female mosquitoes of the genus Anopheles, designated as the vector of the disease.
Portugal, like several other European countries, had high incidence rates of this disease until the end of the first half of the 20th century. Although the disease has been eliminated, the former malaria vector Anopheles atroparvus Van Theil, 1927 (Cambournac, 1942 is still abundant all through the country (Ribeiro et al., 1988; Almeida et al., 2008 . The distribution in Portugal of An. atroparvus, and of other members of the Anopheles maculipennis species complex, has been the object of several studies (e.g. Pires et al., 1982; Ribeiro et al., 1992) . However, the continuous representation of this species distribution is currently unknown. Since vector control has been and continues to be a commonly used strategy in malaria control (Muturi et al., 2008) , this kind of information can be very valuable in the fight against the disease, should it occur again.
In Portugal, where malaria transmission was mosquito-density dependent, several anti-vector measures were adopted such as the introduction of the mosquito fish (Gambusia sp.), intermittent rice field irrigation, improvement of the rice field workers' accommodations (appliance of protective nets in beds, doors and windows) and indoor residual spraying with DDT (Bruce-Chwatt and Zulueta, 1977; Borges, 2001) . The implementation of these measures along with patients treatment resulted in a large reduction of the incidence of the disease, which was declared "eradicated" from the country by the WHO in 1973. Since then, despite an isolated case in 1975 (Antunes et al., 1987) , the occurrence of the disease is exclusively in the form of imported cases. The highest number of these imported cases was reached with the end of the Portuguese colonial war in 1974 but much later, in the period of 1993 to , Castro et al. (2004 still reported the occurrence of 50 to 85 imported cases per year. This situation, combined with the existence of the local An. atroparvus vector which can be infected with exotic strains of plasmodia such as P. falciparum (Sousa, 2008) , raises the possibility of future endemic infections.
Climate change is considered a key issue for current modifications of the distribution and abundances observed for some mosquito species (e.g. Pascual et al., 2006; Minárˇet al., 2007) . These changes may affect the transmission capability of the vector species and are, therefore, of major importance with regard to public health. Although the global surface temperature has been rising in the last century, the growth rates are not homogeneously distributed (IPCC, 2007) . Recent studies for Portugal show that the country has been experiencing temperature increases in the order of 0.5°C per decade since 1975 (Miranda et al., 2006) . Due to the many implications that this environmental factor has on the biology of An. atroparvus (Cambournac and Hill, 1938) this modest increase can still already have contributed to change in its distribution.
Habitat suitability models, used to study the distribution of several species, were mainly developed in the fields of biogeography and conservation biology. These models are based on the quantification of relations between the species and several environmental factors considered prominent to its distribution (Guisan and Thuiller, 2005) . Such quantifications enclose, in general, two possible approaches: the mechanistic model, based on the knowledge of the species physiology, and the correlative model (Guisan and Zimmerman, 2000) . The obtained relations are then applied to spatial data using map algebra modules and a geographical information system (GIS). These approaches reduce the need for highly detailed field surveys and are one of the best ways to achieve spatially continuous representations of species distributions and several studies have adopted this thinking for modelling the distribution of disease vectors (e.g. Kuhn et al., 2002; Moffett et al., 2007) . In the present context, the study of the propensity for vector infection through space analysis processes is one of the most potentially rewarding approaches. Therefore, the aims of this study were to: (i) obtain the first spatially continuous representation of An. atroparvus habitat suitability in the territory; (ii) identify the degree of agreement between the achieved distribution and former malaria areas; (iii) verify the validity of using vectors distribution models to assess the malaria transmission risk; and (iv) identify the existence of recent shifts on the distribution of suitable areas for An. atroparvus.
In order to achieve these objectives several habitat suitability models for An. atroparvus in mainland Portugal were computed. Three different correlative approaches were used relating records with the presence or absence of the species with several environmental factors. The obtained results were crossvalidated and compared with the known malaria distribution in mainland Portugal during its last endemic period.
Materials and methods

Abundance and distribution data of Anopheles
To gather species distribution data several field surveys were carried out. The adult mosquitoes were collected in human and animal facilities using electrical aspirators. The surveys took place at several localities along mainland Portugal, between the years 2001 and 2003. Mosquito abundance was computed as the number of mosquitoes collected per hour and per collector. The obtained results were, however, inadequate to be used directly, due to (i) the high variability in the conditions of the surveyed facilities, and (ii) the lack of species-specific abundances for the different members of the An. maculipennis complex.
The distinct conditions of the surveyed facilities, namely the implementation of anti-mosquito devices, presence or absence of animal hosts and species as well as different degrees of isolation from the exterior environment, led to a high irregularity of abundance values, even for fairly close sites. In this context, it was not possible to consider the abundance values as such, i.e. a low level of abundance could not directly be taken as a representation of a lower suitability area. On the other hand, the opposite holds true, i.e. places where high abundances were registered indicate an environmental suitability to the species in question.
Due to the inter-species similarity of adult Anopheles mosquitoes, the survey results comprised abundance records of the whole An. maculipennis complex. In order to extract abundance values considering An. atroparvus only, it was necessary to establish a prevalence value of this species relative to the other members of the complex for each locality. Ramos et al. (1978) identified An. atroparvus as the only species of the complex in Algarve, and the same was found for Alentejo (Pires et al., 1982) . However, in the mountainous Montejunto-Estrela system and in northern areas, the complex is also represented by An. maculipennis Meigen, 1818 and some negligible records of Anopheles melanoon Hackett, 1934 (Sousa, 2008 . For central Portugal, Ribeiro et al. (1992) , report an abundance ratio of nine An. atroparvus for each An. maculipennis, while Ribeiro et al. (1999a) found the lower proportion of six to one for the Serra da Estrela Natural Park. None of the other studies provide exact proportion values, but they all report a majority abundance of An. atroparvus (e.g. Ribeiro et al., 1999b Ribeiro et al., , 2002 . Taking this information into consideration, a general abundance ratio of eight An. atroparvus for each An. maculipennis was established. The abundance records reported from locations in the Montejunto-Estrela system and the northern areas were then weighted using this proportion and the ones above the 6 th decile were extracted from the resulting values. Totalling 76 records, these areas were considered as the ones with a higher suitability for An. atroparvus. However, taking into account that even these higher abundance values were also possibly biased due to the variability of the surveyed places, they were converted to "presence only" records, disregarding their abundance value.
Besides the presence records, absences were also attained. These are usually surveyed locations where the specimens were not found. In our study, and also due to the different conditions of the surveyed places, only those sites where other mosquitoes species were present but An. maculipennis complex showed null or extremely reduced values of abundance (<2%) were considered. This was done to remove false absences caused by anti-mosquito actions or other facility-specific effects. A total of 16 absence records were attained.
Environmental factors
The gathering of the environmental data with the highest predictive potential, supported by prior knowledge about the prevailing factors in the studied species distribution, is foreseen as one of the major steps to be taken in species distribution modelling (Araújo and Guisan, 2006) . In this sense it is crucial to make an appropriate review of existing knowledge concerning the ecological factors considered influential in the distribution of a species as this allows a better and safer choice of the independent variables eligible for integrating the predictive statistic models. Such choice is, nevertheless, many times postponed by data unavailability and/or difficulties in its spatial representation.
After compiling both the acquaintance of An. atroparvus ecology and the available data and accounting for the possibility that "overfitting" of the predictive models may occur when a large number of independent variables with reduced samples are used, five environmental factors were taken into account: (i) mean maximum temperature of the warmest trimester; (ii) mean minimum temperature of the coldest trimester; (iii) mean total annual precipitation; (iv) wetlands density and suitability index; and (v) agricultural density and suitability index.
In this approach, the temperature spatial variability models are included due to temperature's direct influence on species physiology and behaviour (Cambournac and Hill, 1938) or depending on an indirect effect due to access to larval sites and variability of the depth of the water bodies. Based on the climatological records for the five decades from 1950 to 2000, two datasets were included: the mean maximum temperature of the warmest trimester and the mean minimum temperature of the coldest trimester. The use of two datasets simultaneously to represent one unique ecological factor prevents spatial and temporal homogenization resulting from the application of a unique annual mean model. All information concerning these variables was directly acquired in raster structure from the WORLDCLIM project (http://www.worldclim.org) (Hijmans et al., 2005) .
The use of precipitation as a predictor was considered due to the flushing effects on the productivity of the mosquito breeding sites, as already verified for other Anopheles species (Paaijmans et al., 2007) . Moreover, it is strongly related to the availability and characteristics of An. atroparvus' habitats in the aquatic phase of its life cycle, i.e. the depth of water bodies and the availability of temporary ponds. This information was also obtained from the WORLDCLIM project for the 1950-2000 period.
In order to include information about the profusion and proximity of wetlands, which are crucial for An. artoparvus due to the direct relationship to the aquatic life cycle (Becker et al., 2003) , we employed the Corine Land Cover 2000 (CLC2000) spatial data sets for Portugal (scale 1:100,000) which is produced by the European Environment Agency (EEA) (http://www.eea.europa.eu/themes/landuse/clc-download). Since this information does not cover the terrain completely, a spatially continuous model based on wetland densities was elaborated by calculating wetland density within a circle with 10 km radius. Different weights were also attributed to each wetland type considering its known suitability for An. atroparvus. The differentiated areas were: rice fields, inland marshes, large inland water bodies, estuaries, coastal lagoons, intertidal flats, permanently irrigated areas, watercourses, and saltpans. Three different levels of weighting were applied based on expert knowledge regarding the suitability of each of the areas to the species larval development. The final model was obtained through the product of the density values and the factors used for weighting.
The density model based on agricultural land use and land cover was taken as indicator of livestock production. For example, places such as cattle farms have a high capability for the development of large populations of An. atroparvus due to the zoophilic nature of this mosquito species (Sousa, 2008) . This approach is based on the broad pre-sumption that areas characterized by a high agricultural intensity have a greater probability of containing cattle herds as the main sign of economic activity or being used for cattle breeding for domestic/private consumption. This model included the following classes derived from the CLC2000 classification: pastures, non-irrigated arable land, permanently irrigated land, rice fields, vineyards, fruit trees and berry plantations, olive groves, annual crops associated with permanent crops, complex cultivation patterns, land principally occupied by agriculture, with significant areas of natural vegetation and agro-forestry areas. The final model regarding this factor was obtained following the same method used for the wetlands model.
Predictive models calibration
When implementing predictive models, the distribution records are generally split into calibration and validation data sets. However, considering the relatively small amount of distribution records (n = 92) in this study, a random multiple partitioning of the records was used. This method avoids excessive use of records for validation purposes, being more suitable than a single validation set, when only a small amount of species records is available (Hirzel et al., 2006) . In this sense three calibration-validation sets were made, each validation fraction composed of 13 records (2 absences and 11 presences). This number of records corresponds to a random extraction of about 15% for each record type, which permitted the species prevalence to remain unaffected in the calibration sets. In addition, all spatial predictor models were re-sampled into a 1 km 2 grid system.
Predictive systems
Three distinct predictive models where implemented: Mahalanobis distance (D 2 ); binary logistic regression (BLR); and a multilayer perceptron with back propagation artificial neural network (MLP-ANN). The use of several predictive models is suggested as a method for reducing the uncertainty on species distribution modelling (Pearson et al., 2006) .
Mahalanobis distance calibration
Mahalanobis distance (D 2 ) corresponds to an n-dimensional distance to the centroid of the provided values. This measure, when applied to the habitat suitability modelling, calculates the similarity between the predictors multidimensional mean transmitted by presence records and each of the cells composing the study area. In this sense Mahalanobis distance requires only presence data, thus removes the influence of possible bias and errors present in absence sets. However, in general, presence-only methods have lower predictive performances than presence-absence models (Austin and Meyers, 1996) . Even so, in this group of models Mahalanobis distance presents some of the best results (Tsoar et al., 2007) . Besides, different measurement scales and correlations amongst the predictors do not affect this similarity index, so it can be applied to non-normally distributed variables and its outputs are easily interpreted. This measure was implemented directly over the spatial data using the Mahalanobis distances ArcView extension (Jenness, 2003) . Due to the existence of three calibration sets the final model was obtained trough the arithmetic mean of their resulting outputs.
BLR calibration
Briefly, BLR is a well-known method in habitat suitability modelling, belonging to the family of generalized linear models, which is used to estimate the occurrence probability of a certain event, given the values of the predictors. BLR is particularly well suited for species distribution modelling, since it works with a binary response like presence-absence and does not assume normal distributions. The resulting values are expressed in a 0 to 1 interval and interpreted as the predicted distribution of the species under study. For each of the calibrated models, the Hosmer-Lemeshow tests (Hosmer and Lemeshow, 1989) were performed, and all showed significant values (P <0.05), indicating that the models adequately fitted the calibration data.
Artificial neural network calibration
Artificial neural networks are adaptive statistical models based on an analogy with how the brain is thought to function (Abdi, 2003) . Simple units, the nodes, which are connected by weighted links, constitute the structure. The model calibration (which can also be called training) takes place by applying different weights to the signal passing these connections. In our study, an MLP-ANN composed by three interconnected layers was used. The nodes in the input layer receive the predictors values, while the second layer (the hidden layer) runs the learning back-propagation process before passing the information on to the output layer (presence-absence data) for prediction. The measured error between the expected and the actual output provides the basis for the training process which consists of running numerous cycles until the desired error level is achieved.
Our model included five nodes in the hidden layer, resulting in as many predictors. This was done to reduce the risk of "overfitting" of the model which is favoured by the use of an excessive number of parameters in non-parametric models (Liu et al., 2007) . The error measure used was the mean square error and the networks were trained through 400,000 cycles.
The heuristic nature of artificial neural networks implies that different modelling episodes produce different results. In order to deal with this variability a common approach is to calculate the mean of a set of outputs. In this way the final model of each calibration set was represented by the arithmetic mean of three different calibration outputs. The final model corresponded to the arithmetic mean of these means.
Calibration calculations
The BLR and the MLP-ANN results come in a range from 0 to 1, while the Mahalanobis results, being standardized values of similarity, can vary from 0 (maximum similarity) to any positive number of maximum dissimilarity. In this study, the final Mahalanobis model was normalized into a 0 -1 interval based on its mean and standard deviation values. These values were then inverted, since lower values of this measure correspond to higher similarity with the places where the species was recorded. The different habitat suitability models can be seen in Figure 1 .
Before using the obtained models to effectively characterize the distribution of the suitability areas for An. atroparvus, it was necessary to evaluate their predictive performances. Since it is only possible to evaluate the appropriateness of the results for the intended purpose after this procedure has been carried out, it is considered a fundamental stage in species distribution modelling (Araújo and Guisan, 2006) . In the context of the present work, the results evaluation also allowed us to differentiate the performances obtained by each of the modelling methods.
The kappa index (Cohen, 1960) was used as predictive evaluation measure. This index expresses the amount of agreement between the correct classifications achieved and the ones expected merely by chance. Its values generally vary from 0 (but can be negative), representing results identical to the ones expected by chance, and 1 corresponding to a perfect agreement between actual and obtained results. To proceed with the calculation of this index it is necessary to establish suitability threshold values. A commonly adopted approach is to use a range of thresholds and calculate the corresponding kappa value for each one of them (e.g. Elith et al., 2006) adopting the maximum value achieved as the predictive performance of the model. All three models were partitioned in 20 intervals of equal amplitude (0.05) and the kappa value calculated for each. The obtained results showed BLR to be the best performing model (κ = 0.77). According to Landis and Koch (1977) , this value corresponds to the existence of an excellent agreement between the model results and the validation records. The model obtained by MLP-ANN presented a fairly lower result (κ = 0.51) which even so is considered by the same authors to be a good level of agreement. The lowest predictive performance value was registered with the Mahalanobis model with κ = 0.42, which is close to the lower limit of the good-agreement range.
Considering that all three models achieved good to excellent agreement levels, it was decided to combine the output achieved, i.e. all the binary maps. This conjugation allowed us to reduce the uncertainty that would have resulted from to the output of a single method (Pearson et al., 2006) , which is similar what has been proposed by Araújo and New (2006) concerning uncertainty reduction for projecting species distributions in future climate scenarios. Figure 2 shows the resulting model amounting to the agreement between the three binary models.
In order to assess the spatial similarity between the former malaria areas and habitat suitability model, the kappa value was calculated. Taking into account the existence of four classes in the combined suitability model, different binary class combinations were created in order to be comparable with the binary map of malaria distribution. These outcomes are expressed in Table 1 .
Results
The obtained kappa values (Table 1) show different agreement levels between all of the binary suitability models and the former malaria distribution in mainland Portugal. Amongst the single-model outputs, and in contrast to previous validation results, the MLP-ANN achieved the highest agreement (κ = 0.42), followed by BLR (κ = 0.38) and D 2 (κ = 0.36). In general, all of the outputs resulting from multi-model combination show higher predictive performance than single-model binary distributions. The exception is model L1, which presents the lowest value (κ = 0.32). The agreement value is much higher when the disagreement areas between the models are removed (model L4, κ = 0.62).
The resulting suitability maps for An. atroparvus reveal a clear spatial separation in the way the country fits its habitat preferences. The northwest and central coastal areas present lower suitability, while the south and interior central and northern areas comprise almost the entire distribution of higher suitability values.
Discussion
The habitat suitability threshold where maximum kappa is achieved can be used to produce binary maps of suitable and unsuitable areas for the target species. Although information is lost in this conversion, a binary map based on the maximum kappa value allows a more precise spatial discrimination between areas of higher and lower suitability. This transformation is useful in the present case where the Mahalanobis model presents a clear concentration of values close to the maximum of suitability (Fig. 1a) . This is also valid for both BLR and Mahalanobis models, where a direct interpretation of the continuous values can be biased since the cut values obtained by the maximum kappa (BLR = 0.65; 0.7 -D 2 = 0.95) are distinct from the expected theoretical value of 0.5. In this sense three binary models were built based on the suitability threshold where the maximum kappa was achieved or their mean value when more than one threshold occurred.
In the obtained combined model, a clear distribution pattern emerges. Unsuitability agreement covers approximately all the northwest of the country, while the south and the interior north are almost entirely occupied by the least uncertain suitable areas. This spatial pattern is fairly coincident with the distribution of precipitation and temperature variations along the country. Unsuitable areas match coarsely to the wettest places with mild temperatures in the summer, while dryer areas reaching higher temperatures are almost entirely suitable areas. Unsuitable areas are seen here not as places with complete absence of the species, but instead as least suitable places where lower abundances occur. This is in agreement with the distribution pattern achieved by several studies based on direct interpretation of field data. For example, Almeida et al. (2008) , found that despite being present along the entire country An. maculipennis s.l. presented lower abundances in the districts of Braga, Leiria, Lisbon, Oporto and Viana do Castelo, which correspond closely with the unsuitable areas obtained, and higher abundances in the south and north-east of the country, also coinciding with the least uncertain suitable areas. Higher abundances of An. atroparvus have previously been recorded in Alentejo and Algarve (the two southernmost regions of the country) by Ramos et al. (1978) and Pires et al. (1982) L1 = unsuitable in all models vs remaining area; L2 = unsuitable for 2 models vs remaining area; L3 = suitable in all models vs remaining area; L4 = unsuitable in all models vs suitable in all models; D 2 = Mahalanobis distance using best kappa threshold; BLR = binary logistic regression using mean best kappa threshold; MLP-ANN = multilayer perceptron artificial neural network using mean best kappa threshold.
as the Netherlands, United Kingdom, Germany or Poland, being absent from some of the warmer Mediterranean regions, such as south Italy, Greece and Turkey. Considering the higher suitability of this species in the southern areas of Portugal, its absence from many of the other Mediterranean areas can be due to competitive exclusion involving other species. In this sense, it is possible to infer that this species has reached, not only in Portugal but also in places along the Iberian Peninsula, some of the most highly suitable conditions for its existence. This would justify its former dominant role in malaria transmission in these areas. The combined suitability model was also used for comparison with the known distribution of malaria during its last endemic period. The spatial distribution of the disease was documented by Cambournac (1942) who presented a map based on known values of spleen rates (i.e. the proportion of people of a given population with enlarged spleens) by municipality, totalling six distinct regions (Fig. 3) . Although this author considers the existence of different spleen rates between the areas, he also refers that they were all related with the existence of high abundance levels for An. atroparvus.
With the exception of the L1 model, all the results from the multi-model combination show higher predictive performance than single-model binary distributions. However, the agreement value is far higher when the disagreement areas between models are removed. The higher kappa value, achieved by the L4 binary model, points to two different assumptions, i.e. the combination of different suitability models can be a good possibility for achieving better predictive results and the An. atroparvus distribution pattern in mainland Portugal is still substantially similar to the one existing when the last endemic malaria episodes occurred. This suggests that despite the recent temperature increase in Portugal, the distribution of this species remains unaltered from the one registered nearly seven decades ago. This invariance is important when one considers that the country has registered as much as a mean temperature increase of 0.5ºC/decade since 1975 (Miranda et al., 2006) . Since An. atroparvus reaches some of the highest temperatures in its distribution range in the southernmost part of the Iberian Peninsula and survives there, it can be expected that northern populations will remain resilient to possible temperature increments in the next decades. It is also clear that vector habitat suitability models for vector species can act as one of the components of information in health risk analysis studies. The option to apply more than one predictive model and their subsequent combination for achieving the interpreted habitat suitability model allowed a more precise spatial discrimination of its distribution. This achieved distribution presented higher agreement with the former malaria areas than individual models, which suggests higher appropriateness of this technique to achieve species habitat suitability models.
Conclusions
The current An. atroparvus distribution is fairly similar to former malaria distribution in Portugal, suggesting that habitat suitability models of vectors can be a good surrogate in the spatial assessment of Fig. 3 . Former malaria distribution in continental Portugal (Cambournac, 1942) . malaria risk. Opposite to what usually happens in other malaria-endemic areas, the incidence of the disease in the country was dependent on vector density. Thus, to spatially model the current abundance of the vector is, indirectly, to model malaria transmission rates and therefore also the receptivity (and risk) for malaria re-emergence. This similarity suggests that An. atroparvus still presents the same preferential distribution as nearly seven decades ago and that the species is still not affected by the increasing temperatures recorded in the country for the last decades. This resilience of the species in one of the warmer and dryer area of its distribution indicates that northern populations may indeed not present, at least not in the short-term, large distributional variations due to a direct influence of potential temperature increases.
